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Abstract
This paper explores the relationship between episodes of contaminated drinking water and
health care expenditures in the United States. The analysis relies on panel data from the 48
contiguous states from 2000 to 2011. We use the population served by public water systems
that violate health-based standards of the Safe Drinking Water Act as a proxy for contaminated
drinking water. We estimate spatial and non-spatial models and control for factors that may
aect per capita health care expenditures including variables that reect air quality violations
along with ability to pay plus demand for and supply of health care services. The results
from a Spatial Durbin Model indicate that a 1% decrease in the percentage of population
exposed to drinking water quality violations is associated with reductions in in-state and regional
eects equal to 0.005% ($0.32) and 0.035% ($2.26) of per capita health care expenditures,
respectively. Drinking water violations have a larger impact on expenditures than air quality
violations (whose eects are not statistically dierent from zero). However, compared to other
factors, such as Medicare enrollment and income, the impact of these violations on health care
expenditures is relatively small. We nd that regional health care expenditure impacts from
drinking water violations are substantially greater than in-state impacts. Thus, a regional
approach is recommended to addressing drinking water quality improvements.
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Health care expenditures in the United States have been rising at a rate faster than any other country
in the world (Sawyer and Cox (2018)). In 2015, health care expenditures accounted for 17.8% of the
country's GDP (Centers for Medicare and Medicaid Services (2018)). However, higher health care
expenditures do not necessarily lead to better health outcomes. Compared to most Organization
for Economic Co-operation and Development (OECD) countries, the United States has a lower life
expectancy, a higher obesity rate, a lower percentage of health insurance coverage, and below average
numbers of doctors and hospital beds (Organization for Economic Co-operation and Development
(2017)). This has led health economists and health care policymakers to explore what factors are
causing increases in health care expenditures and to devise cost containment measures.
Since the 1970s, many studies have attempted to identify what factors impact health care ex-
penditures. We categorize those factors into two groups: (1) non-environmental factors, and (2)
environmental factors. Most of the literature that explores the determinants of health care expen-
ditures focuses on non-environmental such as income, population age structure, ination, number
of practicing physicians, number of hospital beds, technological progress, and public nancing of
health care services among many others (Gerdtham and Jönsson (2000); Martin et al. (2011)).
Published empirical works that have examined the impacts of environmental quality on health care
expenditures are relatively rare. Available studies have used air quality as a proxy for environmen-
tal quality (Jerrett et al. (2003); Narayan and Narayan (2008); Qureshi et al. (2015); Yahaya et al.
(2016); Zou et al. (2016)).
Environmental quality is an important factor that aects the health of individuals (World Health
Organization (2018)). Poor air and/or water quality, in particular, can have adverse eects on
human health (Hunter et al. (2010); Katsouyanni (2003)). For example, in the case of air pollution,
it has been found that sulfur dioxide (SO2) causes changes in airway physiology (Chen et al. (2007));
carbon monoxide may cause pulmonary edema (Raub et al. (2000)); and particulate matter has been
associated with cardiovascular diseases (Pope III and Dockery (2006)).
Water pollution can aect human health through exposures from direct consumption or recre-
ational use. The main acute eects of drinking polluted water on health is gastrointestinal infections
(Hunter et al. (2010)). In addition, chronic or acute exposure to dierent organic and inorganic
chemicals in water can cause more severe health impacts including cancer, developmental or re-
productive eects, neurological eects, and organ damage (U.S. Environmental Protection Agency.
(2018a)).
Over the years, multiple laws have been enacted in the United States to ensure a health-
sustaining rather than health-threatening environment. The Clean Air Act (CAA) of 1970, the
Federal Water Pollution Control Act of 1948 (re-authorized as the Clean Water Act (CWA) in
1972), and the Safe Drinking Water Act (SDWA) of 1974 are few examples of federal environmental
pollution laws passed to improve and protect the quality of air and water. Under these laws, the
EPA establishes national environmental quality standards. States then have the option to apply
for primacy and if accepted, they will be responsible for implementing and enforcing these laws. In
addition, primacy states are able to set their own regulations to be stricter than the EPA's minimum
requirements. Because of these laws, the United States has witnessed numerous improvements in
terms of human health and environmental quality. For example, Sullivan et al. (2018) found that
from 1970 to 1990 the CAA provided an estimated improvement of $22 trillion in cumulative human
health and reduced mortality benets.
In terms of environmental quality, between 1970 and 2015, aggregate national emissions of six
common air pollutants (particles, ozone, lead, carbon monoxide, nitrogen dioxide, and sulfur dioxide)
dropped an average of 70% (U.S. Environmental Protection Agency. (2018b)). Moreover, before the
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SDWA, about 40% of public water systems failed to meet basic health standards, and now this value
decreased to only 10% (U.S. Environmental Protection Agency. (2014)). In 2015, about 21 million
people living in the United States were served by public water systems that incurred violations of
health-based quality standards of the SDWA (Allaire et al. (2018)). While not all violations cause
immediate health problems, it has been estimated that contaminated drinking water is responsible
for between 16.4 to 19.5 million cases of acute gastroenteritis every year in the United States (Duggal
et al. (2015); Messner et al. (2006)).
Despite all of these eorts towards improving environmental quality as well as the signicant
progress in water treatment technology, multiple mid- and large-scale drinking water contamination
episodes have been observed over the past few years (Duggal et al. (2015); Guilfoos et al. (2017)).
One example is the Flint, Michigan crisis in 2014 where approximately 100,000 residents were
exposed to high levels of lead from drinking water. Compared to other cities in Michigan, fertility
rates decreased by 12%, fetal death rates increased by 58%, and overall health at birth decreased in
Flint during the time of exposure (Grossman et al. (2017)). Another contamination incident occurred
in 2014 in Charleston, West Virginia where chemical spills into the Elk River contaminated the
drinking water for about 300,000 residents. This incident resulted in immediate and long-term health
impacts. For the immediate health impacts, there were about 369 cases of acute gastrointestinal
illness and 13 hospitalizations attributed to this contamination episode (Benedict et al. (2017)). For
the long-term health impacts, Guilfoos et al. (2017)) estimated the causal eects of this incident
on infant health outcomes and found a signicant decrease in 5-minute Apgar Scores. Finally,
another example is the Toledo, Ohio crisis in 2014 when toxic algae were found in the municipal
drinking water aecting about 500,000 residents. This incident resulted in about 110 cases of acute
gastrointestinal illness (Benedict et al. (2017)). Toledo spent an estimated $200,000 per month to
mitigate the eects of this event (Duggal et al. (2015)).
The exposure to contaminants in drinking water has been demonstrated to increase the con-
sumption of health care services due to its deleterious impacts on human health and in turn, health
care expenditures are bound to increase as well. For example, spending on medical care and wa-
ter provisions in Flint amounted to about $60 million in response to the 2014 water crisis (?).
Furthermore, Naumova et al. (2016) estimated the costs of treating infections related to drinking
contaminated water from 1991 to 2006 to be about $600 million per year for Medicare beneciaries
alone. Given the existence of this relationship between drinking contaminated water and health
care expenditures, this research examines the connection of drinking water quality to per capita
health care expenditures.
In this paper, we examine the impact of drinking water contamination on per capita health care
expenditures using U.S. state-level data from 2000 to 2011. We use the percentage of population
served by public water systems that experienced violations of health-based standards in the SDWA
as a proxy for drinking water contamination. The results show that there is a positive and statis-
tically signicant relationship between drinking water violations and state's per capita health care
expenditures. Specically, our results from a Spatial Durbin Model indicate that a 1% decrease in
the percentage of population that is exposed to drinking water quality violations is associated with
in-state and regional reductions equal to 0.005% ($0.32) and 0.035% ($2.26) of per capita health
care expenditures, respectively. The largest portion of these impacts are from adjacent states and
not the state where the violation occurred. Air quality violations did not have a statistically signif-
icant impact on expenditures. This regional distribution of benets from state level reductions in
drinking water violation calls for greater regional cooperation in preventing contamination episodes.
The results will help health policy makers to design ecient and eective health policy reforms.
The remainder of this paper is organized as follows. The rest of this section provides a back-
ground of the SDWA and a review of the literature examining the impact of environmental quality
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on health care expenditures. The following sections are data, the empirical model, and results de-
scribing the analytical framework and empirical results. Finally, the paper concludes with policy
implications and research limitations plus future research.
1.1 The Safe Drinking Water Act: Background
The SDWA was initially passed in 1974 and then amended in 1986 and 1996. This act authorizes
the U.S. EPA to regulate drinking water sources and infrastructure to protect public health by
setting national health standards for drinking water against both naturally-occurring and man-made
contaminants occurring in drinking water. Currently, the U.S. EPA has drinking water regulations
for more than 90 contaminants. These standards apply to every one of the more than 150,000 active
public water system in the United States (U.S. Environmental Protection Agency. (2013)).
The SDWA requires water systems to report their water quality periodically to the state primacy
agency to make sure they meet the minimum requirements. The U.S. EPA has set dierent moni-
toring and sampling schedules for public water systems based on certain criteria such as population
served, water source type, and historical monitoring data. For example, for microbial contaminants
regulated under the total coliform rule (TCR), a public water system is required to take monthly
samples based on its size as follows: 1 sample/month (very small), 2-3 samples/month (small),
4-10 samples (medium), 15-100 samples/month (large), and 120-480 samples/month (very large)
(U.S. Environmental Protection Agency. (2010)). If a water system is collecting less than 40 sam-
ples/month and has more than one total coliform-positive sample, then the water system will be
considered in violation to SDWA standards. On the other hand, if it is collecting 40 or more sam-
ples/month, and has more than 5% of the samples with total coliform-positive, then the system will
be in violation of SDWA standards. Each quarter, the primacy agency then reports any violations
of the SDWA to the U.S. EPA.
Violations to the SDWA standards are grouped into two main categories: (1) health-based vio-
lations, and (2) monitoring and communication with the public violations. Health-based violations
include violations to the Maximum Contaminant Levels (MCLs), Maximum Residual Disinfectant
Levels (MRDLs), and Treatment Techniques (TT) standards. MCL and MRDL set the highest
level of a contaminant or a disinfectant residual that is allowed in drinking water without imposing
any danger to the human health. If it is technically not possible to monitor a certain contaminant
or not economically feasible to do so, a TT is used instead. For example, lead has no known safe
levels and since it is impossible to monitor it under the MCL regulations, a TT is used, where any
detection of lead may result in replacing some of the service lines to consumers.
Monitoring and communication with the public violations include violations to Monitoring and
Reporting (MR) and other standards such as not sending the annual drinking water quality report
to the customers. If a water system has a MR violation, this indicates that the system has failed
in completing the regular testing requirements or failed to submit test results to the state primacy
agency in the required time.
1.2 Literature Review
As mentioned in the introduction, previous research has focused on the relationship between health
care expenditures and non-environmental factors, such as income and population age structure.
Those studies have used dierent methodologies and models to explore these relationships. Previous
research shows variable coecient estimates with conicting results. For example, some studies such
as Wang (2009) and Thornton and Rice (2008) found that the number of beds has a positive impact
on per capita health care expenditures, whereas others such as Prieto and Lago-Peñas (2012) and
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Reich et al. (2012) found the opposite impact. However, income has been found to consistently have
a positive impact on health care expenditures (Baltagi and Moscone (2010); Holly et al. (2011)).
Some researchers argue that the inconsistent ndings from non-income factors can be attributed
to dierences in estimation methods used or the lack of a formal economic theory regarding the
determinants of health care expenditures (Gerdtham and Jönsson (2000); Wilson (1999)).
Some older studies attempted to capture the eect of environmental quality by using urbaniza-
tion as a proxy, which coincides with industrialization and, in turn, industrial pollution (Gbesemete
and Gerdtham (1992); Gerdtham and Jönsson (2000); Kleiman (1974)). However, urbanization
is highly correlated with income and other variables, and these studies found either insignicant
coecients or unexpected signs.
Jerrett et al. (2003) were among the rst authors to investigate the direct relationship between
health care expenditures and environmental indicators. They represented environmental indica-
tors as total toxic pollution emissions in all environmental media and government environmental
protection expenditures. Cross-sectional data from 49 counties in Ontario, Canada were employed
in a sequential two-stage regression model to consider the endogenous relationship between health
care expenditures and mortality. They found that counties with higher pollution emissions tend to
have higher per capita health care expenditures, where a one-ton increase in emissions is associated
with $0.03 higher per capita health expenditures. Moreover, countries that spend more on improv-
ing environmental quality have lower per capita health care expenditures. It was estimated that
a one dollar increase in defensive expenditures are associated with $0.31 lower per capita health
expenditures.
Narayan and Narayan (2008) examined the relationship between environmental quality and
health care expenditures using data for eight OECD countries from 1980 to 1999. As a proxy for
environmental quality, they used air emissions of sulfur oxide, nitrogen oxide, and carbon monoxide
emissions. Furthermore, they undertook a panel cointegration approach to estimate both short-
and long-run impacts of environmental quality on health care expenditures. They found that in the
long-run, sulfur oxide and carbon monoxide emissions had statistically signicant, positive impacts
on per capita health care expenditures. For example, they estimated that a 1% increase in sulfur
oxide emissions increases per capita health care expenditures by 0.04%. In the short-run, carbon
monoxide emissions were the only environmental quality indicator that had a statistically signicant,
positive impact on per capita health care expenditures. However, the magnitude of the impact was
smaller than the long-run.
Using a panel cointegration approach similar to Narayan and Narayan (2008), other studies such
as Qureshi et al. (2015), Yahaya et al. (2016), and Zou et al. (2016) have employed dierent datasets
to examine the relationship between environmental quality, proxied by various indicators related
to air pollution, and health care expenditures. Generally, the results from these studies indicate
that in the long-run, air pollution has a statistically signicant and positive impact on health care
expenditures, but this estimated impact is smaller in the short-run.
Past studies that explored the relationship between environmental quality and health care ex-
penditures have largely used air quality to proxy environmental quality. Thus, a possible extension
to the literature is to use other proxies to environmental quality, such as drinking water quality,
which is the objective of this paper.
2 Data
In this section, we provide background information and data sources for the variables used in the
analysis. The empirical analysis is based on annual, state-level data for 48 contiguous U.S. states
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for the period 2000 to 2011.
2.1 Dependent variable - Health care expenditures
To measure health care expenditures, we use the per capita Personal Health Care (PHC) expendi-
tures component of the National Health Expenditure Accounts (NHEA) estimates provided by the
CMS. The NHEA comprise the ocial government estimates of aggregate health care spending in
the U.S. These annual estimates are comprehensive since they encompass all the main elements of
the health care system in a unied, mutually exclusive and exhaustive structure. These are multidi-
mensional because they include information about expenditures on medical goods and services, and
those who paid to nance these expenditures. A consistent methodology and classication system
is used that employs a common set of denitions which allows comparisons between groups over
time (Catlin and Cowan (2015);Centers for Medicare and Medicaid Services (2015b)).
The NHEA categorizes state health care spending data into two types: spending by state of
provider and spending by state of residence. In the former, the estimates include all revenues
obtained by health care providers in a state for supplying health care goods and services to both
residents and non-residents. These estimates are used to measure the GDP of a state from the
health care sector. In the latter, the estimates contain all health care expenditures by residents of
a state whether the service is provided in or out of the state. These estimates are used to develop
the per capita measures to compare between states.
To estimate health care expenditures by state, the CMS follows a multi-step process: (1) ex-
penditures by state of provider (or the state where health care goods and services are consumed)
are developed for each PHC service using provider-based survey data; (2) estimates of spending
by payer (Medicare, Medicaid, and private health insurance) are developed using a combination
of administrative claims data and survey data; and (3) the provider-based expenditures for each
service and for Medicare are converted to a state of residence basis using information on health care
expenditure patterns (or ows) between states. Expenditure estimates for Medicaid and for private
health insurance are both assumed to be already on a state of residence basis. The aggregate values
then are divided by the total state population to obtain the per capita PHC.
PHC is dened as total spending on health care goods and services minus administration and
the net cost of private health insurance, government public health activities, and investment in
research, structures, and equipment. Various goods and services are included in the PHC such as
hospital care, physician and clinical services, dental services, and home health care. However, two
types of health care spending are not included in the PHC due to the availability of the data: (1)
health care expenditure estimates for health services provided to recipients outside the country that
were paid for by Medicare, and (2) health care services obtained by individuals residing in United
States territories who returned to the United States to receive them. According to Cuckler et al.
(2011) those limitations do not aect the ndings when using the per capita PHC data.
Since the values provided by the CMS are nominal, we use the Personal Health Care index to
adjust for ination, which according to Dunn et al. (2018) is the most preferred index to use when
adjusting total medical expenditures for ination.
2.2 Independent variables
We group the independent variables into four categories based upon how they aect health care
expenditures: drinking water quality, ability to pay, demand for health care services, and supply of
health care services.
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2.2.1 Drinking Water quality
In this paper, we are interested in the impact of health-based violations for drinking water so our
focus is limited to the population served by public water systems. The percentages of this population
in each state that experience violations of the MCL or TT standards are used as a proxy for drinking
water quality since MRDL violations rarely occur. Even if MRDL violations are used, they are too
small to result in consistent outcomes (Wallsten and Kosec (2008)). We obtain the population
served by those systems that experienced violations in each year from the U.S. EPA's Factoids:
Drinking Water and Ground Water Statistics reports. We then divide the U.S. EPA estimates by
each state's population to compute the percentage of the state population that has been exposed
to health-based violations for drinking water each year.
2.2.2 Ability to pay
Income - One of the most important factors that drives health care expenditures is income. Previous
studies that explored the determinants of health care expenditures at the international, national,
and regional levels have all shown that an increase in income will result in an increase in health
care expenditures (Murthy and Ukpolo (1994); Newhouse (1977); Wang (2009)). To control for this
variable, we use real per capita state GDP as a proxy for income. These data were obtained from
the United States Bureau of Economic Analysis (BEA).
Unemployment and uninsured rates - The impacts of unemployment and uninsured rates on
health care expenditures are ambiguous. An increase in state's unemployment rate or uninsured
rate could limit the ability to pay for health care goods and services, and therefore, health care
expenditures would decrease. On the other hand, an increase in states' unemployment rate or
uninsured rate could also increase per capita health care expenditures since while less people will
be covered by private health insurance, more people will be covered by programs such as Medicaid.
These two variables represent access to health care, which is an important determinant of health
care expenditures. Data for these two variables were obtained from two dierent sources. The
rst is the Bureau of Labor Statistics (BLS), and the second is the Centers for Disease Control
and Prevention (CDC) Behavioral Risk Factor Surveillance System (BRFSS) survey. To measure
uninsured rate, the BRFSS asks the participants the following question: "Do you have any kind of
health care coverage, including health insurance, prepaid plans such as HMOs, government plans
such as Medicare, or Indian Health Service?" Each of these variables are measured as a percentage
of the state population.
2.2.3 Demand for health care services
Health status - The health status of the state's residents will determine how much of health care
goods and services will be consumed. To measure population health status, we use the health status
variable from the BRFSS survey, where participants are asked, "How is your general health?", and
respondents can choose among the provided answers (excellent, very good, good, fair, or poor).
This measure is the percentage of population who have excellent health, therefore, we expect the
coecient to be negative since better health status will lead to less health care expenditures.
Population age structure - Another important determinant of health care expenditures is the
state's population age structure. It is well observed that personal health care expenditures are un-
evenly distributed through a person life, with larger spending during older ages (Reinhardt (2003)).
Therefore, we use the proportion of the state population who are enrolled in Medicare as measure of
state's elderly population. According to Centers for Medicare and Medicaid Services (2015a), this
measure has an advantage over the proportion of population over 65 years old because it is more
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closely related to state health spending. The data for this variable come from the CMS's Medicare
Enrollment Dashboard. It is expected that an increase in this proportion will result in an increase
in health care expenditures.
Environmental expenditures - Following Jerrett et al. (2003), we control for state's environmental
expenditures to avoid the risk of omitted variable bias since it is expected that environmental
expenditures may be correlated with the number of violations in a state. To measure this variable,
we use state's spending on natural resources as a proxy similar to Fredriksson et al. (2011) and
List and Sturm (2006). We use per square mile measures to account for size variation between
states. It is expected that an increase in state's environmental expenditures will improve the state
environmental quality and the overall public health, and therefore decrease health care expenditures.
We obtain the data for this variable from the annual survey of state government nances from the
Census Bureau.
Air quality - Following other studies that examined the impact of environmental quality on health
care expenditures, we control for the impact of air quality by using the percentage of population that
live in nonattainment areas (counties) that violate air quality standards. To compute this variable,
we rst obtain detailed information about those areas from the U.S. EPA's Green Book, which
shows the status of each county in terms of attainment of nonattainment of the National Ambient
Air Quality Standards (NAAQS). Then using population estimates from the Census Bureau we
calculate the percentage of population aected by air pollution in each state. Since some states
have no violations in some years, we transform this variable using log(air quality + 0.001)
2.2.4 Supply of health care services
The supply of health care services varies across the states. To account for this variation, we use
the number of hospital beds per 1,000 population as an indicator for health care capacity in a
state. As mentioned previously, the impact of this variable is ambiguous. In a competitive market
environment, we would expect that a greater availability of health care services would lead to lower
per capita health care expenditures, all other things being equal. However, it has been shown
repeatedly in the literature that a greater supply of health care services may result in increased
demand for health care services leading to higher health care spending. This positive impact is
often explained as the supply-induced demand problem, where increasing competition leads health
providers to recommend unnecessary services to maintain or increase their income (Frech (1996);
?). The data for this variable were obtained from the CDC's Health, United States reports.
2.3 Descriptive statistics
Table 1 provides summary statistics for the annual variables used in the analysis. The dependent
variable is state level, real per capita health care expenditures. This variable ranges from $4,003 in
Utah to a maximum of $9,417 in Massachusetts. Figure 1 illustrates the distribution of the average
real per capita health care expenditures across the states between 2000 and 2011. Some of the
highest levels of per capita health expenditures are observed in the Northeast and Mid-Atlantic
regions, whereas some of the lowest levels are observed in the Southwest and Southeast regions.
In a similar manner to per capita health care expenditures, Massachusetts is also the state with
the highest percentage of population served by public water systems that violated the health-based
standards with 78.56% of its population aected (Table 1). The statistical values for the other
variables vary widely across the states over the analysis period. Real per square mile environmental
expenditure varies from $910 for Nevada to $74,070 for New Jersey. Real per capita GDP also
covers a large range, from $29,730 to $86,200, with Mississippi and Idaho having the lowest values
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Table 1: Summary statistics of annual, state-level data for the contiguous 48 states, 2000 to 2011
Variable Unit Mean St0. Dev.d Min Max
Health care expenditures 2009 dollars 6,451.47 973.48 4,003.96 9,417
Drinking water quality % 7.33 7.72 0.01 78.56
Air quality % 39.97 36.98 0 100
Income Thousand 2009 dollars 48.94 9.25 29.73 86.20
Environmental expenditures per sq/mi Thousand 2009 dollars 10.56 12.21 0.91 74.07
Medicare enrollment % 14.88 1.98 9.18 20.81
Health status % 20.90 2.78 13.40 28.80
Number of hospital beds Numbers 2.95 0.90 1.70 6.10
Uninsured rate % 14.80 4.30 4.30 29.80
Unemployment rate % 5.73 2.12 2.30 13.70
and Delaware and Connecticut having the highest values. The percentage of the population with
excellent health ranges from 13.40% to 28.80% across the states, where the lowest value is for West
Virginia and the highest is for Connecticut.
3 Empirical Model
We estimate two sets of models: non-spatial and spatial. First, we use variations of state level
xed eects (FE) and random eects (RE) models motivated by Reich et al. (2012), Cantarero and
Lago-Peñas (2010), and Crivelli et al. (2006). Five models are estimated: (1) pooled OLS, (2) state
xed eects (FE), (3) random eects (RE), (4) state FE with year xed eects, and (5) RE with
year xed eects. Results from the Hausman (1978) specication test indicate that the FE model is
more appropriate than the random eects model. However, since our sample for most variables does
not vary much over time, FE methods can lead to imprecise estimates (?). Furthermore, ? show
that Hausman (1978) test is not appropriate when some or all of the explanatory variables have
little within variable variation. Therefore, we present the results from both models and compare
them.
It follows from the model description above that:
yit = xitβ + αi + λt + εit, i = 1, ..., N t = 1, ..., T (1)
where y is the state's per capita health care expenditures, x is K ×1 and contains our variable
of interest and other control variables, a is the state's xed or random eect to account for the
unobservable characteristics, λ is the time xed eect, and ε is the error term. Based on the
epidemiological evidence found in many studies (see Villanueva et al. (2014)), we hypothesize a
positive association such that an increase in state level drinking water violations will result in an
increase in state level per capita health care expenditures.
In addition to using basic panel estimation methods, LeSage and Pace (2009) and Elhorst (2014)
state that use of a general non-spatial estimation is based upon observed values being independent
of location when there is no correlation between neighbors. In other words, in a non-spatial model,
each observation has a mean of and a random component . The observation i represents a region
or point in space, which is considered to be independent of its neighboring regions or points j, i.e.,
E (εiεj)=E (εi)E (εj)
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Figure 1: Average real per capita health care expenditures between 2000 and 2011 ($2009)
However, in many cases, the assumption of observations' independency is not applicable. In
other words, observations at dierent points or regions are dependent (LeSage and Pace (2009)).
Pollution levels and health outcomes are examples of such a dependency assumption between the
variable of interest and an outcome. For example, the pollution levels in region i may inuence
health outcomes in a neighboring region j (Chen et al. (2017); Erfanian and Collins (2019)). With
spatial interdependence, we suppose two neighbors (regions) i and j which are spatially correlated
with normality being assumed for the error terms:
yi = ρiyj + xiβ + εi (2)
yj = ρjyi + xjβ + εj (3)
where the dependent variable in neighbor j inuences the dependent variable in neighbor i and the
reverse also holds true. Once a spatial component (whether this component is from the dependent
variable, control variables, or the error term) is found to be statistically signicant, then any co-
ecients estimated by a non-spatial model may be biased. In addition, by applying a non-spatial
model when the spatial component is signicant, variances may be non-ecient (Grith (2013);
LeSage and Pace (2009)). Accordingly, statistical tests (t-test and F-test) may be invalid, leading
economists to interpret their results improperly.
Given that state level real per capita health expenditures show visual evidence of clustering
(Figure 1), we test for spatial autocorrelation among states with a Moran's I. The global Moran's
I is statistically signicant (Moran's I index for 2000 = 0.16, P-value = 0.02; Moran's I index for
2011 = 0.21, P-value = 0.004) demonstrating that spatial interrelationships exist for health care
expenditures and the need to apply spatial econometrics modeling. We also report the scatter
plot of Moran's I to be sure that the positive spatial correlation for some observations and negative
spatial correlation for other observations do not cancel out each other. Figure 2 provides the results.
This gure illustrates that both at the start and end of the data, most of the states with high real
per capita healthcare expenditures are adjacent to states with high real per capita health care
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expenditures. This also is true for the states with low real per capita health care expenditures.
Thus, we have ample evidence to apply a spatial econometrics model in our analysis.
There are ve possible spatial models. The rst is a Spatial Autoregressive (SAR) Lag Model
as shown in equations (2) and (3). A Spatial Error Model (SEM) has dependency in the error term,
while a SLX model (Spatial Lag of Explanatory variables) assumes that only explanatory variables
play a direct role in determining dependent variables. A Spatial Durbin Model (SDM) includes
spatial lags of explanatory variables as well as the dependent variable, while a Spatial Error Durbin
Model (SDEM) includes these lags along with spatially dependent disturbances.
To observe dependence between neighboring observations, spatial econometric models dieren-
tiate between direct and indirect eects. Direct eects show how changes in a variable for the i th
state inuences the i th state's dependent variable (in-state impacts). Indirect eects explain the
eects of a variable in j th state on i th state's dependent variable (regional impacts). LeSage and
Pace (2009) discusses that since the impacts of a variable are dierent among observations, it is
desirable to have a measurement of overall and average impacts. Thus, these measurements are
divided into the concepts of average direct, indirect, and total eects (LeSage and Pace (2014)).
Parameters in a general linear regression are interpreted as a partial derivative of the dependent
variable with respect to the explanatory variable. An assumption of independency between obser-
vations serves as the basis for this interpretation. In a spatial model, however, interpretation of
the parameters becomes more complicated. As numerous economists (Anselin and Le Gallo (2006);
Kelejian et al. (2006); Kim et al. (2003); Le Gallo et al. (2003); LeSage and Pace (2009)) claim, a
model with a spatial lag of the dependent variable requires special interpretation of the parameters.
Elhorst (2014) calculated the direct, indirect and the total eect in a general nesting spatial model
as
Y = (I − δW )-1(Xβ +WXθ) +R (4)
where W is the spatial weight matrix, δ is called the spatial autoregressive coecient, θ repre-
sents a K×1 vector of xed but unknown parameters to be estimated, and R represents the intercept
and error terms.




















 = (I − δW )-1

βk w12θk . w1Nθk
w21θk βk . w2Nθk
. . . .
wN1θk wN2θk . βk
 (5)
where w ij is the (i,j)
th element of W. Every diagonal element of the partial derivative matrix in
equation (5) shows the direct eect while the indirect eects are shown by every o-diagonal element.
Since the direct and indirect eects are unique for each observation, LeSage and Pace (2009) suggest
reporting the summary indicators (the average of the diagonal elements for the direct eect and the
average of either the row sums or the column sums of the o-diagonal elements for indirect eects).
Since θ in a SAR model is equal to zero, indirect eect would be equal to the o-diagonal elements
of (1-δW)-1βk.
The weight matrix W describes the interrelationships between observations. According to El-
horst (2014), the weight matrix can be thought of as a tool to dene the neighbors for any given
region. This denition can be in a geographical dimension or in another framework such as the
share of trade or transportation. Various units of measurement for spatial dependencies such as
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Figure 2: Scatter plots of Moran's I for 2000 and 2011
13/23
cities, counties, states, and countries are available for spatial analysis (Getis (2007)). Our spatial
weight matrix is based on the distance between the center of states and we applied a three nearest-
neighbors weight matrix. We tested between SDM and SDEM model by using a Bayesian posterior
probability model and the result conrmed that the most appropriate model to capture the spillover
eect for our model is the SDM model. Spatial econometric models are estimated using Matlab
software codes provided by Dr. Donald Lacombe.
Following previous studies in the determinants of health care expenditures literature, all variables
are measured in logarithmic form, so the regression coecients are interpreted as elasticity estimates.
Moreover, we evaluate the data using the extended projection (PE) test from MacKinnon et al.
(1983) to compare the log-log and linear specications, and the results indicate that the log-log
model is more appropriate. With the SDM, we estimate the marginal eects (direct, indirect, and
total) of the independent variables on per capita health care expenditures using the original data
from 2000-2011.
4 Results
Table 2 reports the regression results for the non-spatial models. In most models, our estimates for
drinking water quality violations are positive and statistically signicant, but they become insignif-
icant when we include time xed eects. In terms of the expected signs for the other explanatory
variables, RE model coecient estimates are similar to those for the FE models. However, RE
models show some improvement in terms of the statistical signicance of the estimates, which is
expected since the FE models are not suitable in this case due to the low within variation in the
data (Cameron and Trivedi (2010); Clark and Linzer (2015)). Therefore, we choose the RE model
as the preferred non-spatial model.
Overall, the results show that drinking water quality has a relatively small impact on per capita
health care expenditures. Using the coecient estimates from the RE model (4) in Table 2, the
results show that a 1% decrease in the population served by public water systems that experience
violations in SDWA's health-based standards, on average, would decrease annual per capita health
care expenditures by 0.009%, all else being equal. Based on the average per capita health care
expenditures reported in Table 1, this percentage totals to about $0.58 per person annually. Com-
paring this to other variables with larger coecient estimates, such as Medicare enrollment, where
a 1% increase would result in an increase in per capita health care expenditures by 1.130% (about
$72.84 per person annually) shows how small the impact is for drinking water quality violations on
per capita health care expenditures.
Table 3 reports the results of the direct, indirect, and total eects from the Spatial Durbin Model
(SDM) with RE and year xed eects. The coecient of spatially lagged dependent variable is 0.149
and statistically signicant at a 1% level, which indicates that the results from Table 2 are likely
biased. This result also reveals that state level per capita health care expenditures tend to increase
in response to higher per capita health care spending in neighboring states. This is expected since
state level health care expenditures and health policy decisions depend on the surrounding states
(Bose et al. (2015)). Therefore, this prior research suggests that per capita health care expenditures
follow the same path as state level health care expenditures.
With respect to the drinking water quality variable, the results show that this variable has a
positive and statistically signicant impact on per capita health care expenditures both within the
state itself as well as in neighboring states. Relative to the direct eect, the magnitude of the average
indirect eect of drinking water quality violations in state i is fairly large. Specically, a 1% decrease
in the population served by public water systems that experience violations of SDWA's health-based
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standards in state i, on average, would decrease annual per capita health care expenditures by 0.005%
($0.32) in state i, and by 0.035% ($2.26) in its three neighboring states.
To illustrate the extent of this decrease on a state's total health care expenditures, we choose the
state of Oklahoma. This state has one of the highest percentages of population exposed to violations.
We calculate the decrease in total health care expenditures resulting from a 1% decrease in the
population experiencing violations in drinking water quality. We obtain this value by multiplying
$0.32 by Oklahoma's 2011 population. Therefore, a 1% decrease in the population exposed to
drinking water quality violations would result in an estimated $1.2 million decrease in annual health
care expenditures within the state of Oklahoma. For Oklahoma's three nearest neighbors (Texas,
Arkansas, and Kansas), however, this 1% reduction would, on average, result in about a $71.1
million reduction in annual health care expenditures. Further, we examine the in-state and regional
impacts of a 1% reduction across all 48 contiguous states. Multiplying the dollar values by the
2011 state populations, we nd that, on average, this will lead to $98.9 million and $698.2 million
reductions in annual health care expenditures for in-state and regional impacts, respectively.
The public water system costs to achieve a 1% reduction in the number of violations across
all 48 states are uncertain. These costs will be largely passed on to the water system's customers
and will depend on many factors such as system size and type of contaminant. According to
Auerbach (1994), cost increases to comply with SDWA standards range from 2% of water charges
for households served by large public water systems to 55% for households served by small systems.
A more recent estimate of the costs associated with compliance to SDWA standards over the next 20
years is provided by the USEPA's (?) Drinking Water Infrastructure Needs Survey and Assessment.
The U.S. EPA estimates that out of total national needs ($472.6 billion), about 12% ($57 billion)
is related to violations of SDWA regulations. It is unclear how much of this $57 billion would be
required to achieve a 1% reduction.
For the other control variables, the direct eect of income is positive and statistically signicant
as expected. Our estimates, however, are less than the estimates found in other studies such as Wang
(2009) and Bose (2015)). For access to health care variables, the unemployment rate is statistically
insignicant in all eects. The indirect eect of uninsured rate is positive and statistically signicant,
which indicates that an increase in the uninsured rate in state i will result in an increase in per
capita health care expenditures in neighboring states.
Examining the demand for health care services variables, the health status variable has a statis-
tically signicant, negative direct eect as expected. Medicare enrollment, similar to CMS (Centers
for Medicare and Medicaid Services (2015a)), is positive and statistically signicant for both the
direct and indirect eects so that increases in Medicare enrollment not only increases in state, but
also the neighboring three states' per capita health care expenditures. This variable has the largest
impact of any variable on per capita health care expenditures in our model. This impact is expected
since per capita health expenditures for people age 65 or older, on average, are three to ve times
higher than spending by young people (Reinhardt (2003)). Finally, environmental expenditures
per square mile have positive and statistically signicant direct eects on health care expenditures.
This result indicates that higher expenditures reect the existence of more environmental problems,
leading to higher per capita health care expenditures due to the population facing more health risks
related to environmental quality. The air quality variable has an unexpected negative impact, but
it is not statistically dierent from zero.
For the supply of health care variable, only the indirect eect for number of hospital beds is
negative and statistically signicant. A possible explanation for this result is that hospitals in state
i compete with hospitals in neighboring states by improving quality of the services, and therefore,
lower the cost of health care for patients from neighboring states (Bose et al. (2015)). Thus, a higher
supply of health care services benets consumers in neighboring states by reducing their per capita
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health care expenditures rather than in the state where more hospital beds are provided.
Table 2: Non-spatial regression results, dependent variable of annual, state level per capita health
care expenditures
(1) (2) (3) (4) (5)
Pooled FE FE RE RE
Drinking water quality 0.016*** 0.008* 0.000 0.009** 0.001
(0.000) (0.055) (0.910) (0.026) (0.705)
Air quality 0.000 -0.001 -0.001 -0.001 -0.001
(0.938) (0.526) (0.176) (0.688) (0.432)
Income 0.323*** 0.058 0.271*** 0.212** 0.305***
(0.000) (0.596) (0.000) (0.017) (0.000)
Environmental expenditures 0.015*** 0.047* 0.008 0.021 0.018**
(0.005) (0.073) (0.481) (0.165) (0.043)
Medicare enrollment 0.721*** 1.212*** 0.443*** 1.130*** 0.521***
(0.000) (0.000) (0.007) (0.000) (0.000)
Health status -0.038 -0.168*** -0.042** -0.214*** -0.031
(0.281) (0.001) (0.050) (0.000) (0.134)
Number of hospital beds -0.018 -0.463*** 0.077 -0.262*** 0.061*
(0.305) (0.000) (0.109) (0.000) (0.055)
Uninsured rate -0.114*** 0.004 -0.043*** -0.028 -0.052***
(0.000) (0.885) (0.001) (0.374) (0.000)
Unemployment rate 0.107*** 0.009 -0.001 0.052*** 0.006
(0.000) (0.526) (0.902) (0.000) (0.545)
Constant 3.515*** 5.448*** 4.563*** 4.177*** 3.895***
(0.000) (0.001) (0.000) (0.000) (0.000)
Year xed eect No No Yes No Yes
Adjusted R-squared 0.662 0.754 0.959 0.516 0.868
Number of observations 576 576 576 576 576
Numbers in the parentheses represent p-values
*, **, and *** refer to 10% 5%, and 1% signicance levels, respectively.
5 Conclusions
In this paper, we estimate the impact of drinking water quality violations on state level per capita
health care expenditures using a proxy variable of the percentage of population served by public
water systems that experienced violations of SDWA's health-based standards. We estimate both
spatial and non-spatial models and control for factors that the reect air pollution as well as ability
to pay plus demand for and supply of health care services. Data from 48 contiguous states for the
period 2000 to 2011 are used.
We nd a positive and statistically signicant relationship between drinking water quality vio-
lations and state level per capita health care expenditures. Specically, the results from the Spatial
Durbin Model indicate that a 1% decrease in the percentage of population exposed to violations
is associated with reductions in direct and indirect eects equal to 0.005% ($0.32) and 0.035%
($2.26) of per capita health care expenditures. The large dierence between the direct (in-state)
and indirect (regional) eects is unexpected. One possible explanation for this dierence is that
drinking water violations are indicative of broader water source contamination problems that cross
state lines, such as extreme weather events (Curriero et al. (2001)). Such an explanation warrants a
more coordinated regional approach across states when addressing water quality problems related to
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Table 3: Spatial Durbin model with random eects regression results, dependent variable of annual,
state level per capita health care expenditures
(1) (2) (3)
Direct eect Indirect eect Total eect
Drinking water quality 0.005*** 0.035*** 0.040***
(0.008) (0.003) (0.003)
Air pollution -0.002 -0.002 -0.004
(0.379) (0.850) (0.755)
Income 0.253*** 0.078 0.331***
(0.000) (0.209) (0.000)
Environmental expenditures 0.013** -0.018 -0.005
(0.028) (0.518) (0.882)
Medicare enrollment 0.606*** 1.374*** 1.979***
(0.000) (0.000) (0.000)
Health status -0.053** 0.125 0.072
(0.019) (0.296) (0.598)
Number of hospital beds -0.001 -0.438*** -0.439***
(0.953) (0.000) (0.000)
Uninsured rate -0.010 0.126** 0.116**
(0.379) (0.014) (0.048)




Year xed eect Yes
Adjusted R-squared 0.983
Number of observations 576
Numbers in the parentheses represent p-values
*, **, and *** refer to 10% 5%, and 1% signicance levels, respectively.
17/23
drinking water quality violations as is practiced by entities such as river basin commissions (Abdalla
et al. (2010)).
Our estimate of reductions in per capita health expenditures stemming from lowering drinking
water quality violations is just one benet that arises from drinking water quality improvement.
Another more localized benet includes real estate value impacts from correcting source water
contamination problems. Examples of research include Liu et al. (2017)), Tuttle and Heintzelman
(2015), and Leggett and Bockstael (2000). Given the high investment costs associated with lowering
of drinking water quality violations, a full accounting of all benets from these reductions will be
needed to oset these costs.
Furthermore, we nd that drinking water quality violations have a larger impact on health care
expenditures than air quality violations, which have a statistically insignicant impact. This result
is dierent than what other studies have found when examining the impact of air quality on health
care expenditures (examples include Narayan and Narayan (2008) and Yahaya et al. (2016). Our
result shows that when exposure to environmental contamination is measured as violation of a
standard or not and aggregated across multiple pollutants, then exposure to drinking water quality
violations has a larger impact on health care expenditures than exposure to air quality violations.
Limitations of this research relate primarily to the data that are used. Our data only covers
public water systems, thereby excluding about 45 million people who use private wells for their
drinking water, which are not regulated under the SDWA (U.S. Geological Survey (2009)). Consid-
ering this population in future research would expand results to consider the implications of drinking
water violations to more rural areas. Moreover, the proxy variable that we used to reect exposure
to drinking water contamination has its aws. These data include multiple types of contaminants
that aect human health dierently (i.e. short- and long-run health impacts). Due to a lack of
knowledge, we did not include a lag system for population exposure to drinking water violations in
our model to account for a range of temporal health impacts from contaminant exposures. Finally,
water systems have nancial incentives not to comply with all the U.S. EPA regulations due to the
higher costs that it will impose on these systems (Bennear et al. 2009). Therefore, there is a higher
probability that false or missing data are being reported. For example, the agency estimated that
states were not reporting 40% of all health-based violations (U.S. Environmental Protection Agency.
(2004)). Employing these changes in the drinking water quality variable may yield dierent results
from our current models.
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